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1. Introduction

Production planning and control in matrix manufacturing
systems pose particular challenges. Unlike traditional, linear
production lines, matrix based systems offer a flexible, modu-
lar structure where products can follow multiple routes through
shared resources [1]. This flexibility leads to complex optimiza-
tion problems as layout decisions, transportation rules, and ma-
chine sequencing must be coordinated simultaneously across
several often conflicting objectives [2].

The consistent application of heuristics has proven effec-
tive for handling optimization tasks in practice, especially when
fast and sufficiently good solutions are more important than ex-
act but computationally expensive optima [3]. Widely known
scheduling rules such as “Shortest Processing Time” (SPT)
or “First-In-First-Out” (FIFO) highlight this [4]. However, the
adaptability of these manual methods is limited: changes in op-

erational conditions within the matrix production system often
require time-intensive redesign and experimentation [5]. Simi-
larly, optimality is not guaranteed. Thus, genetic algorithms are
commonly used to optimize layout [6] or create novel heuristics
[7] but are difficult to interpret. This reduces acceptance among
production managers, as the rationale behind certain solution
proposals is not transparent [8, 5]. Solution quality also hinges
on model formulation skills [7].

Meanwhile, Large Language Models (LLMs) open new pos-
sibilities to interpret text [9] but also for automatically gener-
ating, interpreting, and continuously improving heuristic ap-
proaches [10]. LLMs can work with complex problem de-
scriptions in natural language and generate structured solution
concepts, including code and heuristic strategies [11]. Despite
promising capabilities, challenges remain such as inconsistent
outputs, plausible but incorrect solutions, and high computa-
tional demands [12]. The key question in this paper is how to
effectively integrate LLMs into systematic optimization frame-
works, particularly by combining them with evolutionary mech-
anisms, to produce competitive and comprehensible solutions
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for manufacturing-specific problems. Matrix production sys-
tems with their combinatorial decisions and diverse constraints
provide an ideal application domain, as they demand high flex-
ibility, adaptability, and transparency [1, 13].

This work targets three central limitations inherent to cur-
rent optimization approaches. First, it mitigates the need for
labor-intensive manual heuristic design and enhances adaptabil-
ity to changing operational conditions. Second, it lowers the
knowledge barrier typically associated with traditional evolu-
tionary algorithms, thereby improving accessibility for practi-
tioners. Third, it addresses the insufficient validation of LLM-
based optimization methods within realistic industrial produc-
tion settings.

This work is structured as follows. Section 2 describes the
recent research regarding the generation of heuristics and LLM
applications in manufacturing. Then, Section 3 describes the
proposed framework. Subsequently, Section 4 applies the pro-
posed method to the matrix production problem as a case study.
The work finishes with a conclusion in Section 5.

2. State-of-the-art

This section presents a concise overview of the state of the
art in two main areas relevant to the proposed approach.

2.1. Evolutionary Programming and Genetic Approaches

Multi-objective optimization has advanced significantly with
evolutionary algorithms designed to tackle complex, real-
world challenges [7]. Classical methods such as NSGA-II and
NSGA-III utilize Pareto dominance and niching mechanisms to
maintain diversity, while decomposition-based approaches like
MOEA/D and RVEA enable problem partitioning and guided
search via reference directions [14]. Conventional metaheuris-
tics including simulated annealing and tabu search remain valu-
able for convergence-critical tasks. Despite algorithmic matu-
rity, bridging the gap between benchmark success and practical
industrial applicability remains challenging due to the complex-
ity of constrained, stochastic, and irregular Pareto landscapes
[14]. [6] demonstrate an integrated multi-objective framework
jointly optimizing layout and production control in manufac-
turing, achieving superior results over sequential methods us-
ing Non-dominated Sorting Genetic Algorithm II (NSGA-II)
combined with discrete-event simulation. [15] comparatively
assessed NSGA-II, simulated annealing, and tabu search for
reconfigurable manufacturing, revealing trade-offs in conver-
gence speed and solution quality under identical time con-
straints.

2.2. Large Language Model-Based Optimization Approaches

Recent breakthroughs in LLMs reshape algorithm design by
enabling automatic generation, selection and evolutionary re-
finement of optimization strategies [16]. Huang et al.’s ORLM
framework fine-tunes open-source LLMs on extensive indus-
trial datasets to translate natural language problems into ex-
ecutable mathematical models, but it oversimplifies complex

scenarios [17]. The LLaMEA system advances this by inte-
grating LLMs in an evolutionary (1+1) loop to generate, mu-
tate, and select Python-based optimization algorithms guided
by benchmark feedback, incorporating error-informed self-
debugging; its LLaMEA-HPO (Hyperparameter Optimization)
variant further offloads hyperparameter tuning to SMAC3, cut-
ting query requirements by 95% without loss in quality [18, 19].
The Evolution of Heuristics (EoH) framework merges nat-
ural language and code representations in population-based
evolution, applying multi-view genetic operators simultane-
ously [20]. ReEvo leverages reflective hyper-heuristics that uti-
lize verbal gradient-like signals to guide heuristic crossover
[21]. Additionally, LLM-powered power scheduling systems
emphasize translating user intent into formal optimization
tasks through multi-agent architectures instead of direct algo-
rithm generation [22]. Collectively, these LLM-based methods
illustrate complementary paradigms—ranging from domain-
specific fine-tuning [23] and prompt-based generation [24] to
hybrid evolutionary - code evolution and reflective guidance —
each addressing distinct facets of automated heuristic design
and problem specification [22].

The integration of advanced optimization into production
planning is significantly challenged by the increasing complex-
ity and dynamism of industrial environments. Current LLM-
based approaches and evolutionary algorithms often lack the
scalability, transparency, and practical adaptability required to
meet real-world demands [25]. Recent research on Genera-
tive Manufacturing Systems addresses these issues by employ-
ing generative artificial intelligence to orchestrate heteroge-
neous autonomous manufacturing resources under human su-
pervision, thereby enabling flexible decision-making, enhanced
system resilience, and enriched human-autonomy collaboration
[26].

3. Agent-Based LLaMEA

The Agent-Based LLaMEA system presents a novel frame-
work for production optimization that integrates artificial intel-
ligence, evolutionary algorithms, and linguistic reasoning. It re-
places purely numerical optimization with language-based ana-
lytical and generative reasoning, allowing decision-making pro-
cesses to capture human-understandable strategic dimensions
rather than relying solely on computational outputs. The sys-
tem uses LLM (agents) as both strategy creators and evaluators
within an iterative evolutionary loop, generating, critiquing, and
refining production strategies across generations until the termi-
nation criteria is reached, as visualized in Figure 1.

While the framework is generalizable, we restrict its appli-
cation to manufacturing, based on the industrial use case re-
ported by [6], visualized in terms of decision making flexibil-
ity in Figure 2. Specifically, both the layout and material flow
rules have to be holistically optimized. Eight machines have to
be positioned on the shopfloor, both with predetermined pos-
sible locations or freely with respect to constraints. Secondly,
the dispatching rules for material flow and the scheduling rules
for selecting the next job at a machine can each follow First-
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Fig. 1. Agent-Based LLaMEA Framework

Fig. 2. Exemplary problem scope based on [6]

In-First-Out (FIFO), Shortest-Processing-Time (SPT), Earliest-
Due-Date (EDD) among others.

3.1. Knowledge Integration and Initialization

At the beginning of each optimization run, Agent-Based
LLaMEA starts by integrating knowledge from previous op-
timization sessions to bootstrap among different problems
based on a continuous learning and history and archive filled
at the end of a successfull optimization. The system ac-
cesses an archive of successful strategies by comparing prob-
lem descriptions of previous and the problem at hand to
initialize its population with proven approaches. This en-
sures cumulative learning across different problem scenar-
ios and may as well lead to novel approaches. Two spe-
cialized agents, an Actor and a Critic, are instantiated. The
Actor proposes new strategies, while the Critic assesses
and refines them through structured analysis following a

PRESERVE/IMPROVE/DIRECTION schema. This adversar-
ial dual-agent structure balances exploration with exploitation.
The initial population generation combines direct reuse of his-
torical solutions with newly constructed strategies created from
diverse domain heuristics and expert-driven input. This hybrid
initialization approach promotes diversity in the search space
while ensuring strategic consistency across the population.

3.2. Evolutionary Mechanisms

The optimization process unfolds through iterative evolu-
tionary cycles where the best-performing strategies act as par-
ents for subsequent generations. The framework uses two pri-
mary genetic operations: mutation and crossover. Mutation al-
ters individual strategies to target specific improvements such
as throughput enhancement, quality increase, or resource effi-
ciency. Crossover in our case, by contrast, merges a good par-
ent with a random one to integrate promising elements from the
second one into the first. This produces hybrid offspring that
can inherit complementary strengths from both. Randomization
helps balancing exploitation with exploitation.

An adaptive and to one’s needs configurable temperature an-
nealing mechanism regulates the creativity of LLM-generated
proposals, starting with high-temperature exploration in early
phases and gradually decreasing temperature for focused opti-
mization as convergence approaches. Since there are two adver-
sarial LLMs used in this approach the temperature for genera-
tion and critiquing can be set independently.

3.3. Multi-Objective Evaluation and Critique

Each candidate strategy undergoes multi-layer evaluation,
starting with error testing. An evaluation function, in this case
a production system simulation, assesses quantitative perfor-
mance indicators such as throughput, delay, lead time, and re-
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source utilization. Afterwards, the adversarial Critic agent pro-
vides qualitative analysis to highlight strengths, weaknesses,
and improvement directions. This linguistic feedback is reinte-
grated into the next generation’s LLM prompts, guiding learn-
ing in a semantically rich and context-aware manner and mak-
ing the prompt for mutation or crossover unique for each so-
lution. A central feature of Agent-Based LLaMEA is how it
copes with the Pareto front for multi-objective optimization.
Rather than collapsing competing goals into a single aggregated
metric, the system identifies and preserves all non-dominated
solutions, enabling decision-makers to select context-relevant
strategies aligned with varying production priorities. However,
there is an aggregated fitness value in use for choosing part of
the parents for the next evolution, similarly to NSGA-II.

3.4. Modularity and overall approach

First, each agent with prompts ω and input ε can be under-
stood as a function ai : ωsystem → ωtask → εi,t ↑ ϑi,t. Agent 1, the
actor’s role is that of ωsystem being creator, tasked with creat-
ing a feasible, good solution (ωtask), given the former solutions
and critic input εi,t. It’s solution ϑi,t in this case is a tuple of
machine positions, dispatching and scheduling rules to be used.
The second agent, the critic, similarly takes these solutions ϑi,t

and the discrete event simulation performance DES (ϑi,t) as in-
put and produces a constructive critic for each solution. Second,
once iterative improvements converged, the problem definition
(part of ωsystem → ωtask), final solution ϑ1,end and critique ϑ2,end

are retained as persistent knowledge and become accessible to
the first agent for initial population generation. Third, making
this persistent knowledge base and the session history available
in ε1,t supports reuse and population upgrade, as temperature
annealing (mainly for a1) controls creativity. Fourth, a state-
graph oriented orchestration, herein implemented as a Lang-
Graph state machine, using Google’s Gemini 2.5 flash, gov-
erns the optimization loop. Last but not least, customization of
prompts, even to different problems, the evaluation, potentially
beyond simulative evaluation, and overall worflow adaptabil-
ity ensure widespread applicability in manufacturing and across
optimization problems and complex decision-making contexts.

4. Case study

The matrix production system investigated in this study de-
veloped by [6] making the solutions comparable. It represents
a reconfigurable manufacturing environment designed to re-
place rigid, linear production lines with a flexible, modular lay-
out. Operating within a factory space of fixed dimensions, the
system comprises strategically placed input stations (sources),
eight processing machines grouped by capability, output sta-
tions (sinks), and a single automated guided vehicle (AGV) re-
sponsible for material transportation. The problem centers on
discovering optimal combinations of machine (pi) and heuristic
dispatching rules for both transportation (t) and processing (m)
to balance four, often conflicting, objectives: throughput max-
imization ( ft), delay minimization ( fd), utilization maximiza-

Fig. 3. Machine Positions on the 25x35-Grid Across Pareto Solutions from [6]

Fig. 4. Layouts of all archive solutions of the method on the shopfloor

tion ( fu), and lead time reduction ( fl). The complexity of the
problem arises from the mix of discrete decisions, such as dis-
patching policies, compounded by stochastic disturbances like
machine failures and processing time variability. This necessi-
tates a robust multi-objective optimization approach capable of
navigating a large search space under real-world industrial con-
straints and dynamic behavior. All in all: A solution consists of
eight coordinates representing the placement of the machines
and two rules, one transport-rule determining in which order
the AGV handles the jobs and one machine rule determining in
which order the machines handle the jobs in their buffer.

The evaluation utilized a simulation-based optimization
framework to compare the performance of the agent-based
LLM-driven approach to the widely used NSGA-II. By apply-
ing identical system parameters and decision frameworks, the
study ensured methodological compatibility for an unbiased
performance comparison. The LLM-based system generated
Pareto-optimal production configurations by exploring the so-
lution space with the aforementioned techniques. These mech-
anisms allowed the LLM approach to systematically produce
diverse and high-quality solutions without extensive domain-
specific programming effort.

4.1. Original Use-Case
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Agent-Based LLaMEA is evaluated on two variations of the
problem: a more constrained version, with pre-determined ma-
chine placement locations (the real industrial use-case) and then
relaxed to the matrix like grid (with industrial constraints), as
well as a more extensive version, involving a larger number of
machines, an expanded shop floor, and additional sources and
sinks to consider. In both scenarios, the proposed program suc-
cessfully generated valid solutions and demonstrated consistent
reasoning across the distinct problem instances. However, in the
first case, the performance of Agent-Based LLaMEA did not
surpass that of the genetic algorithm as one can see in com-
paring the results shown in Tables 1 and 2. This outcome may
be attributed to the relatively small size of the, now almost
permutation-like, problem, which can lead to repetitive reason-
ing patterns and consequently similar solutions.

Table 1. Solutions Selected from Archive Pareto Front
t, m pi ft fd fu fl

NJF, EDD [1, 2, 3, 4, 5, 8, 7, 6] 0.322 21.3 0.823 99.8
EDD, EDD [2, 3, 4, 5, 1, 8, 7, 6] 0.302 17.6 0.748 98.7
NJF, SPT [5, 4, 1, 3, 2, 6, 7, 8] 0.310 26.1 0.765 91.9
EDD, EDD [2, 3, 1, 4, 5, 8, 7, 6] 0.321 18.8 0.753 95.8

Table 2. Solutions from the output of the genetic algorithm (based on [6])
t, m pi ft fd fu fl

NJF, SPT [1, 3, 5, 4, 6, 7, 8, 2] 0.338 27.1 0.840 99.6
FIFO, SPT [5, 2, 1, 4, 7, 8, 6, 3] 0.325 23.6 0.819 95.6
EDD, EDD [2, 8, 1, 3, 4, 6, 5, 7] 0.326 18.2 0.777 95.8
EDD, FIFO [3, 8, 4, 6, 5, 7, 2, 1] 0.327 18.8 0.811 91.8

In the extended version the program shows no signs of prob-
lems handling the task. Since it is specially designed, there are
no alternative solutions, so it is not possible to compare the
quality of the generated solutions. However, the results show
that the program is capable of handling more complex and scal-
able tasks.

4.2. Main Use-Case

The main use-case, described above, had no predetermined
machine locations and comparative analysis of solutions high-
lights that the LLM-based framework achieved solution quality
on par with the state-of-the-art genetic algorithm (to be seen
in Table 3 and 4), even surpassing the genetic algorithm in
some cases. Notably, as one can see in the Figures 3 and 4,
our LLM based approach demonstrates a distinct reasoning pat-
tern by clustering machines near their associated sources and
sinks to prioritize transport efficiency, contrasting with the ge-
netic algorithm’s more varied spatial distributions. The trade-
off relationships between objectives, for example, the increase
of throughput leading to larger lead times and delays, were sim-
ilarly captured by both approaches, confirming the approach’s
ability to model the underlying problem dynamics. Importantly,
while crossover operations played a rather minimal role in this
study’s results, mutation and the archiving of past solutions are
critical to sustaining search effectiveness and diversity as vis-
ible over temporal improvement. This does not have to mean

that the crossover mechanism is not useful for any problem in-
stance. In other instances with a less defined solution space it
may profit greatly from this mechanism combining different ap-
proaches.

Table 3. Solutions Selected from Archive Pareto Front
t, m pi ft fd fu fl

EDD, EDD
[10, 22] [8, 19] [0.7, 17] [3, 19]
[0.7, 21] [8.7, 7.6] [10.7, 7.6] [9.7, 9] 0.32 16 0.78 94

NJF, SPT
[15, 22] [13, 19] [3, 18] [6, 20]
[9, 17] [12, 7] [7, 8.5] [10.5, 4] 0.33 27 0.82 91

NJF, EDD
[10, 22] [8, 19] [0.7, 16] [3, 19]
[0.7, 22] [7.7, 7.6] [11.7, 7.6] [9.7, 9.6] 0.34 20 0.83 99

NJF, EDD
[10, 18] [12, 18] [2, 17] [4, 17] [4, 19]
[7, 11] [9, 11] [8, 9] 0.34 20 0.82 95

Table 4. Solutions from the output of the genetic algorithm (based on [6])
t, m pi ft fd fu fl

SPT, SPT
[12, 11] [21, 14] [17, 15] [16, 8]
[24, 12] [26, 9] [24, 4] [24, 13] 0.34 26 0.84 92

EDD, EDD
[23, 15] [11, 14] [13, 18] [15, 13]
[12, 12] [18, 11] [15, 14] [18, 10] 0.32 17 0.77 94

FIFO, FIFO
[22, 10] [20, 14] [18, 13] [14, 5]
[26, 8] [31, 15] [24, 19] [21, 7] 0.33 22 0.76 90

NJF, FIFO
[17, 25] [23, 23] [31, 15] [1, 18]
[33, 21] [3, 6] [3, 9] [1, 19] 0.34 22 0.82 93

Overall, the results in both sub-use cases validate the po-
tential of the Agent-Based LLaMEA framework as a versa-
tile and scalable alternative to classical evolutionary algorithms
for complex industrial production optimization problems. The
framework shows promise not only in solution quality but also
in reducing the need for intricate algorithm design and domain
expertise. This study thus demonstrates that natural language-
based LLM queries can effectively substitute traditional opti-
mization algorithm implementations without significant loss in
performance, opening avenues for more accessible and adaptive
manufacturing system optimization.

5. Conclusion

The Adversarial Agent-Based LLaMEA framework intro-
duces a novel approach to strategic production optimization by
leveraging LLMs within a dual-agent system that separates cre-
ative exploration from analytic evaluation. This design enables
cumulative learning and the integration of cross-domain knowl-
edge while producing natural language strategies that are ac-
cessible to practitioners without specialized optimization train-
ing. The framework achieves comparable performance to estab-
lished genetic algorithms on benchmark tasks, demonstrating
its potential as a tool for bridging expertise gaps.

However, the approach is computationally intensive relying
in LLM inference and requires accurate simulation environ-
ments, which restricts its real-time applicability. Furthermore,
dependence on external APIs and the opaque nature of LLM
reasoning raise concerns about scalability and reliability. These
factors currently position Agent-Based LLaMEA as a primarily
strategic planning tool rather than an operational solution. De-
spite this heavy LLM focus and integration into the optimiza-
tion loop, in principle, the agents could be implemented by hu-
mans or other means to ensure domain knowledge integration.
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Still, the most feasible implementation will focus on LLMs and
other computational natural language reasoning apoproaches.

Future advances should focus on enhancing computational
efficiency through parallelization and the use of domain-
specific, locally deployed LLM models. Methodological de-
velopments such as continuous learning, adding agents and/or
agentizing the framework by giving these agents the power to
orchestrate the tool usage should be regarded. This step is al-
ready partly prepared by integrating of the LangGraph frame-
work. Beyond manufacturing, the framework holds promise for
applications in dynamic scheduling and dispatching, logistics,
service operations, and urban systems, where multi-objective
optimization and transparent decision-making are critical.

In a nutshell, Agent-Based LLaMEA represents a promising
step towards making advanced optimization methods more ac-
cessible by combining interpretability with less modelling ef-
fort and, thus, less needed modeling expertise. Continued re-
search is needed to improve robustness, scalability, and trust-
worthiness to realize its full potential cross-domain contexts.
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